In-situ techniques specific to biological samples are typically based on fluorescence of 1 biological material following UV excitation. Examples include the wide-band integrated 2 bioaerosol sensor (WIBS) which is available commercially (Kaye et al., 2000 (Kaye et al., , 2005 . WIBS 3 has been successfully deployed in several locations (Gabey et al., 2010; O'Connor et al., 4 2014; Toprak and Schnaiter, 2013) . Using fluorescence to detect biological aerosol can have 5 interferences, however. For example, polycyclic aromatic compounds or humic acids can 6 have similar fluorescent properties (Gabey et al., 2010; Pan et al., 1999) . Cigarette smoke has 7 similar fluorescent properties to bacteria (Hill et al., 1999) . In an attempt to address 8
interferences, WIBS collects fluorescence information using several channels with different 9 wavelengths while also measuring the size and shape of the particles. 10 Table 1 2008b; Sattler et al., 2001 ). This does not necessarily mean the bioaerosol play a role in 29 droplet nucleation processes, however, as scavenging of interstitial aerosol happens frequently 30 in and below clouds (Pruppacher and Klett, 2003) . It does illustrate that microorganisms, 31
Atmos. Chem. Phys. Discuss., doi: 10.5194/acp-2016-1119, 2016 Manuscript under review for journal Atmos. Chem. Phys. Grim that included bacteria with rod-like morphology. It should be noted that numerous other 10 studies of samples collected on aircraft missions with TEM microscopy did not reveal the 11 presence of any aerosols that matched morphology of biological material (Buseck and Posfai, 12 1999 ; Li et al., 2003a Li et al., , 2003b Pósfai et al., 1994 Pósfai et al., , 1995 Pósfai et al., , 2003b . There can exist significant 13 uncertainty in these measurements. A recent aircraft-based study by DeLeon-Rodriguez et al. 14 (2013) reports analysis of high altitude (8-15 km) samples taken before, after and during two 15 major tropical hurricanes. The abundances of microbes, mostly bacteria, were reported 16 between 3.6×10 4 and 3.0×10 5 particles m -3 in the 0.25 -1 µm size range. The methods and 17 conclusions of this study were re-evaluated by Smith and Griffin (2013) , who argued that in 18 some instances the reported concentration of bioaerosol were not possible because they 19 exceeded the total aerosol by several factors. The samples were also taken over periods of 20 hours, possibly including sampling in clouds when the high-speed impaction of droplets and 21 ice can dislodge particles from the inlet (Cziczo and Froyd, 2014; Froyd et al., 2010; Murphy 22 et al., 2004 ). 23
Although difficult, measurements of bioaerosol in the upper troposphere are necessary in 24 order to constrain their influence on atmospheric properties and cloud formation processes. 25
All of the techniques discussed above, except for WIBS, are off-line and require expertise in 26 sample processing and decontamination. WIBS is a possible in situ detection technique for 27
bioaerosols, but it is relatively new and, as a result, has a short deployment history. There has 28 been considerable interest in using aerosol mass spectrometry techniques to measure 29 bioaerosol. Single particle mass spectrometry (SPMS) has been successfully used since the 30 mid-1990s to characterize chemical composition of atmospheric aerosol particles in situ and 31 in real time (Murphy, 2007) . The ability of SPMS to simultaneously characterize volatile and 32 (Sodeman et al., 2005) . One goal of this work is to examine the prevalence of these 15 ions in the context spectra collected with other SPMSs. 16
Phosphorus is a limiting nutrient in terrestrial ecosystems (Brahney et al., 2015) . On the 17 global scale, phosphorus-containing dust aerosols are primarily responsible for delivering this 18 nutrient to oceans and other ecosystems (Mahowald et al., 2008 (Mahowald et al., , 2005 . Bioaerosols can be an 19 important source of atmospheric phosphorus on local scales, especially in heavily forested 20 areas, like the Amazon (Mahowald et al., 2005) . The global phosphorus budget has been 21 modeled by Mahowald et al. (2008) , indicating that 82% of the total burden is emitted in the 22 form of mineral dust. Bioaerosol accounts for 12% and anthropogenic combustion sources, 23
including fossil fuels, biofuels and biomass burning, account for 5% (Mahowald et al., 2008 The objective of this work is to describe and validate a new SPMS-based data analysis 3 technique that allows for the selective measurement of bioaerosol. A dataset of bioaerosol, 4 phosphate-rich mineral and coal fly ash single particle spectra -the three largest sources of 5 phosphorous in atmospheric aerosols -was used to derive a classification algorithm for 6 biological and non-biological phosphate-containing material. This classifier was then applied 7
to an ambient data set collected at the Storm Peak Laboratory during the Fifth Ice Nucleation 8 workshop-phase 3 (FIN03). 9
The NOAA PALMS instrument has been discussed in detail elsewhere ( mass spectrometer is then used to acquire mass spectra. Due to the high laser fluence used for 19 desorption and ionization (~10 9 W/cm 2 ), PALMS spectra show both atomic ions and ion 20 clusters, which complicate spectral interpretation. SPMS is considered a semi-quantitative 21 technique because the ion signal depends on the abundance and ionization potential of the 22 substance, rather than solely its abundance (Murphy, 2007) . Additionally, the ion signals can 23 depend on the overall chemical composition of the particle, known as matrix effects (Murphy, 24 2007 ). The lower particle size threshold for PALMS is ~200 nm diameter and is set by the Two experiments were conducted.: for 0.1 mL experiments the entire volume of HNO 3 21 evaporated, producing an estimated partial pressure of about 0.005 atm in a static situation. In 22
1 mL experiments some liquid HNO 3 remained at the bottom of the volume with an estimated 23 partial pressure of HNO 3 of 0.04 atm. The aerosol and gas-phase HNO 3 were allowed to 24 interact for 2 minutes at which point PALMS began sampling from the volume. 25
Samples of natural soil dust were collected from various locations listed in Table 2 . Five 26 sampled were investigated at the AIDA facility during FIN01 (Bächli soil, Argentina soil, 27
Ethiopian soil, Moroccan soil and Chinese soil) with the remaining analysis at MIT (Storm 28
Peak and Saudi Arabian soil). Two samples of German soil were used as an example of 29 agricultural soil that was known to be fertilized with inorganic phosphate. These were also 30 sampled at the AIDA facility during FIN01. 31
Statistical analysis 1
A support vector machine (SVM), a supervised machine learning algorithm (Cortes and  2 Vapnik, 1995), was used as the statistical analysis method for analysis of these data. 3) Results) 20 Figure 1 shows the spectra of biological species: P. syringae bacteria, Snomax and hazelnut 21 pollen wash water particles. These particles contain both organic and inorganic species. 22
Because they are easy to ionize, the inorganic species sodium and potassium stand out in the 23 positive spectra despite their minor fraction by mass. Sulfates, phosphates and nitrates are 24 present, and visible in their associations with potassium. Negative spectra are dominated by 25 A classifier was designed to use the ratios of phosphate (PO 2 -, PO 3 -) and organic nitrogen 19 (CN -, CNO -) spectral peaks. This approach has previously been used with PALMS data to 20 differentiate mineral dusts using silicate and metal peaks to reveal underlying differences in 21 chemistry (Gallavardin et al., 2008) . Figure 4A shows with ragweed pollen and fly ash as the greatest sources of confusion between the bioaerosol 30 and non-biological classes. A lower misclassification between the bioaerosol and non-31 biological classes can be achieved if the ratio of organic nitrogen peaks is also taken into account. Figure 4B shows normalized histograms of CN -/CNOratios for the test aerosol. In 1 contrast to PO 3 -/PO 2 ratios, CN -/CNOratios do not, by themselves, exhibit a clear difference 2 between the classes. A superior separation is achieved when data are plotted in a CN -/CNO -3 vs. PO 3 -/PO 2 space, as shown in Figure 5 . In this case two clusters appear. The soil dust class 4 was left out from the training set because it is not known a priori if and how much biological 5 material it contains (classification with the SVM algorithm is discussed latter). The boundary 6 between the classes in CN -/CNOvs. PO 3 -/PO 2 space is non-linear: the SVM algorithm 7 "draws" this boundary, as shown in Figure 5 . The misidentification rate in this 2D 8 classification is ~3%. As before, ragweed pollen is the cause of most errors; if it is removed 9 from training dataset, the misidentification rate falls to <1%. 10
Once trained with the laboratory data, the SVM algorithm was used to analyze the FIN03 11 field dataset collected at Storm Peak. As a first step, "phosphorus-containing" particles were 12 identified in the dataset. The criterion for phosphorus-containing used for this work is the 13 presence of both PO 2 and PO 3 ions at fractional peak area (area of peak of interest/total 14 spectral signal area) greater than 0.01. This threshold was set by examination of the ambient 15 mass spectra to determine when the phosphate peaks are above the noise threshold. Ambient 16 particles commonly have small peaks at masses below ~200 due to a diversity of organic 17 components. The height of this background is ~0.01 and data below this level are considered 18 uncertain. Phosphorus-containing ambient spectra were then classified by the SVM algorithm 19
as bioaerosol or inorganic phosphorous if the CNOion was also present at fractional peak 20 area greater than 0.001. If CNOfractional area was less than 0.001, the spectrum was also 21 classified as inorganic phosphorus. 22
During the FIN03 campaign, phosphorus-containing particles represented from 0.2 to 0.5% by 23 number of the total detected in negative ion mode depending on the sampling day and a 0.4% 24 average for the entire dataset. As shown in Figure 6A when the binary classifier described in 25 this work was applied to the phosphorus-containing particles, bioaerosol represented a 29% 26 subset by number (i.e., 0.1% of total analyzed particles). This is within, and towards the lower 27 end, of previous estimates with biological-specific techniques ( Table 1 ). This lower end 28 estimate may, in part, be due to PALMS sampling particles in the 200-500 nm diameter range 29 as well as larger sizes. Previous estimates tend to show increased bioaerosol in the super-30 micrometer range and data are often unavailable for the numerous particles smaller than 500 31 nm diameter.
The origin of the non-biological phosphate particles is likely phosphate-bearing mineral dust 1 or fly ash. At Storm Peak a likely source is mining of phosphate rock and nearby monazite 2 deposits. Figure 6B shows HYSPLIT back trajectories for the ten days of the 
4.1)Uncertainty)in)bioaerosol)identification)in)PALMS)spectra) 17
The method of identification of bioaerosol described here is based on ratios of phosphate and 18 organic nitrogen peaks. This work is specific to PALMS but can be considered a starting point 19 from which identification and differentiation can be made with similar instruments. Previous 20 work with PALMS shows this ratio approach can be used to identify differences in chemistry, 21 for example among mineral dusts (Gallavardin et al., 2008) . In this case the classes are 22 bioaerosol and non-biological phosphorous; Figure 4A shows that phosphorus ionizes 23 differently in these classes. In apatite and monazite, phosphorus occurs as calcium phosphate. 24
In biological particles, phosphorus occurs mostly in phospholipid bilayers and nucleic acids. 25
In these experiments, the PO 3 -/PO 2 ratio of those two forms is different ( Figure 4A ). The 26 agricultural soils considered here cluster with the minerals and fly ash and we assume the 27 phosphorous is due to the use of inorganic fertilizer, which is derived from calcium phosphate 28 (Koppelaar and Weikard, 2013) . Fly ash aerosol clusters similarly to apatite and monazite but 29 with a wider distribution; this is likely because the chemical from of phosphorus in fly ash is 30 different than in the minerals. Phosphorus present in coal is volatilized and then condenses 31 into different forms during the combustion process (Wang et al., 2014).
Phosphorus peak ratios in biological particles cluster differently than in inorganic 1 phosphorous particles with ragweed pollen an exception ( Figure 4A ). No satisfactory 2 explanation for this observation has been found although contamination with phosphate 3 fertilizer cannot be ruled out. The classification error of the biological filter using PO 3 -/PO 2
and CN -/CNOratios is 3% with ragweed alone the source of most of the error. This 5 unexplained behavior is a cause for concern, as the list of biological samples used as a 6 training set is extensive, but not exhaustive and other exceptions could exist. The effect of misidentification of inorganic phosphate as biological can be considered in the 1 context of the atmospheric abundance of the three major phosphate bearing aerosols: mineral 2 dust, fly ash and bioaerosol (estimates given in Table 3 ). Because the emissions estimates 3 vary, the highest fraction of bioaerosol is the case of the highest estimate of bioaerosol 4 coupled to the lowest estimate of fly ash and mineral dust ( Table 3 and Figure 8A ). 5
Conversely, the lowest fraction of bioaerosol is the case of the lowest estimate of bioaerosol 6 coupled to the highest estimate of fly ash and mineral dust ( Table 3 and Figure 8B ). 7
The misidentification rates shown above are then propagated onto the high and low estimates. 8
As an example, the fraction of aerosol phosphate due to fly ash (1% in the high and 5% in the 9 low bioaerosol estimate) is multiplied by .56 to indicate the fraction of fly ash that would be 10 misidentified as biological phosphate with the simple three-component filter. This 11 misidentification effect is repeated for the mineral dust emission rate and misidentification 12 fraction. For simplicity, we considered the mineral dust fraction to be desert soils, termed 13 aridsols and entisols, which are predominantly present in dust-productive regions, such as the 14 Sahara or the dust bowl (Yang et al., 2013) . According to Yang and Post (2011) , the organic 15 phosphate content of those soils is 5-15% but this is a second order effect when compared to 16 misclassification. In the high bioaerosol scenario 17% of the phosphate aerosol is biological 17 ( Figure 8A ) but when misidentification is considered 81% of particles are identified as such 18 ( Figure 8C ). In the low bioaerosol scenario 2% of the phosphate aerosol is biological ( Figure  19 8B) but when misidentification is considered 77% of the particles are identified as such 20 ( Figure 8D ). This illustrates that simplistic identification can lead to large misclassification 21 errors of aerosol sources. here may not directly translate to that instrument. Instead, the calculation above assumes only 2 that the misidentification rates between the simple three-component filter and the SVM 3 algorithm applies. 4
4.3)Soil)dust)and)internal)dust/biological)mixtures) 5
Soil dust is an important but complicated category of phosphate-containing atmospheric The biological PALMS filter was applied to several soil dust samples (Table 2 ) and the 26 numbers of biological particles in all cases fall within these estimates. As would be expected, 27 soils collected in areas with less vegetation exhibit smaller biological contributions. We note 28 that organic phosphorus content is not necessarily a direct indicator of microbes since it also 29 encompasses decomposed organic matter. At this time, we are not able to delineate between 30 primary biological and biogenic or simply complex organic (such as humic acids) material.
In the FIN03 field dataset, 56% of particles identified as biological also contained silicate 1 markers normally associated with mineral dust. This represents and upper limit of particles 2 that are an internal mixture of dust and biological material. As stated in the last paragraph, 3 this biological material probably does not consist of whole cells sitting on mineral particles; 4 such internally mixed mineral dust particle with surface whole or fragments of biological 5 material are not supported by EM (Peter Buseck, personal communication, 2016). It currently 6 remains unclear if such internally mixed particles would be counted as biological with an 7 optical microscope after fluorescent staining. 8
Internal mixtures of biological and mineral components were generated in the laboratory in 9 order to investigate this; an exemplary spectrum of such particle is shown in Figure 9 . The 10 spectrum contains alumino-silicate markers consistent with mineral dust together with 11 phosphate markers that, in this case, come from the biological material. Using the classifier 12 developed in this paper on the laboratory-generated internally mixed particles correctly 13 identifies the phosphate signatures to be biological. 14
5) Conclusion) 15
This paper examines criteria that can be used with SPMS instruments to identify bioaerosol. 16 We propose a new technique of bioaerosol detection and validate it using a database of 17 phosphorus-bearing spectra. A simple binary classification scheme was optimized using a 18 SVM algorithm, with a classification error of 3%. Using the binary classifier developed in this 19 paper, ambient data collected at Storm Peak during the FIN03 campaign was analyzed. 20
Particles with phosphorus were up to 0.5% by number of all ambient particles in the 200 -21 3000 nm size range. On average, 29% of these particles were identified as biological. 22
Our work expands on previous SPMS sampling that used a more simple Boolean three marker 23 criterion (CN -, CNOand PO 3 -) to classify particles as primary biological or not (Creamean et  24 al., 2013; 2014). We show that the presence of these markers is necessary but not sufficient. 25 We show a false positive rate of the Boolean filter between 64% and 75% for a realistic 26 atmospheric mixture of soil dust, fly ash and primary biological particles. 27
The trained SVM algorithm was also used to measure the biological content of soil dusts. 
